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Introduction
Empirical data show that natural disasters, which have the potential to devastate entire regions and to cause loss of life and property, have become even more frequent and destructive over the last decades (Leaning and Guha-Sapir, 2013; Melillo et al., 2014; United Nations, 2015) . Policy makers worldwide worry that this may also have negative effects on financial stability and have thus started initiatives to analyze and mitigate consequences for the financial sector (e.g., Bank of England, 2015) .
This study explores whether natural disasters affect bank stability. Whether this is the case or not is not obvious. On the one hand, banks are affected because disaster damages immediately reduce banks' collateral values and the credit standing of their borrowers.
Further, disaster damages may cause business disruptions and adversely affect economic growth in the banks' business regions. On the other hand, insurance payments as well as public financial aid programs support corporations and individuals in affected regions, and thereby mitigate the shock. Reconstruction activities may even boost economic growth.
Results from our analyses show that disaster damages in the banks' business regions indeed weaken bank stability and performance. This is reflected in significantly lower bank z-scores, higher probabilities of default, higher non-performing assets ratios, higher foreclosure ratios, lower return on assets and lower equity ratios in the two years following a natural disaster. This evidence reveals that natural disasters jeopardize borrowers' financial solvency and decrease bank stability, despite potential insurance payments and public aid programs. On the positive side, we find that banks manage to recover from the adverse shock after some years if no further disasters occur in the meantime.
The identification strategy of the analysis uses the exogeneity of the timing and inten-sity of natural disasters. Consequently, we identify short-term and medium-term causal effects of natural disasters on bank stability. The interpretation of our results needs to consider that banks are presumably aware of general disaster risks in different regions across the U.S., and they can select to do business in affected regions or not. However, banks cannot anticipate the years when natural disasters occur or how harmful they will be in a particular year. We control for potential differences among banks' business models by including bank fixed effects in all regressions, and we control for economic developments over time by including year-region fixed effects. We also show in robustness regressions that results remain qualitatively unchanged when we hold the bank's business region constant, thus excluding that banks' expansions or other changes in banks' business regions over the sample period drive our results.
The analysis is based on a comprehensive dataset of over 13,000 reported disaster damages in the United States and yearly financial data for over 6,000 banks over the period 1994 to 2012, resulting in over 66,000 bank-year observations. The dataset thereby allows us to explore a large variation in disaster damages across regions, banks and time.
Our analysis contributes to the growing literature on economic consequences of natural disasters. For example, Strobl (2011) investigates the effect of damages from hurricanes in the U.S. Gulf Coast region and finds a considerable decrease of economic growth rates in affected regions, while Cavallo et al. (2013) find no significant effect of natural disasters on economic growth for a sample of 196 countries worldwide. Klomp (2014) suggests that large-scale natural disasters negatively affect the stability of the banking sector in emerging countries, but not in developed countries. We add to this debate by providing new evidence for the U.S. that banks are significantly and negatively affected by natural disasters. In particular, our evidence that banks' non-performing assets and foreclosures increase suggests that borrowers cannot meet their loan payments because they are not sufficiently protected against natural disasters. Our results thereby also add to the literature that examines determinants of banks' financial distress and bank failures (e.g., Wheelock and Wilson, 2000; Cole and White, 2010) . Further, several studies analyze bank lending and bank behavior in the aftermath of natural disasters (e.g., Garmaise and Moskowitz, 2009; Berg and Schrader, 2012; Lambert et al., 2015; Chavaz, 2016; Koetter et al., 2016; Cortes and Strahan, 2017) . We add to this literature by showing that banks generally manage to overcome adverse effects on their stability and performance within some years after a natural disaster.
The paper proceeds as follows: Section 2 describes the data used in this study. Section 3 presents our empirical model and estimation results. Section 4 concludes. preceding years to calculate the bank z-score, a measure of bank stability, and the FDIC data is available from Q4 1992. The sample period ends in 2012 because raw data on disaster damages from SHELDUS was freely available only until then. We require that a bank has its headquarter anywhere in the contiguous U.S., existed at the beginning of our sample period (1994), reports loan data under the HMDA, 4 and has non-missing information for all variables we use in the analysis. We also require that all banks exist in the dataset for a minimum of six consecutive years, because our main specifications include five lags of disaster damages. Bank financial data are winsorized at the 1st and 99th percentiles.
Data
A short description of all variables as well as summary statistics are provided in Table   1 and Table 2 , respectively. The following paragraphs provide further information about our main variables.
- Table 1 and Table 2 Bank stability and performance. We use several alternative measures of bank stability and bank performance that are commonly used in the literature (see, e.g., Laeven and Levine, 2009; Noth and Tonzer, 2017) . First, we use banks' z-scores, which are defined as the natural logarithm of the sum of a bank's return on assets and its equity-to-asset ratios, standardized by the standard deviation of the bank's return on assets. A lower z-score indicates a lower distance to default, and hence, lower bank stability. Second, we use predicted probabilities of default (PD), which we calculate using a probability model. 5 Third, we use non-performing assets ratios (NPA) as a measure of the overall quality of the bank's loan book. Next, the foreclosure ratio (FOR) provides a measure of the volume of foreclosed property on a bank's balance sheet relative to the bank's total assets. Finally, we use equity-to-asset ratios (EQ) and return on assets (ROA), which are further indicators of bank stability and performance, and also used to calculate a banks' z-score. The development of these variables over time is shown in Figure 3 in the next section, where regression results are presented and interpreted.
Disaster damages. Our main explanatory variable is dis i,t , which denotes the average disaster damage in bank i's business region in year t. It is based on a measure of disaster damages on county level and information about the banks' business activities in each county, as explained in the following.
First, we use more than 13,000 individual records on property damages, measured in US$, from the SHELDUS database for the period 1989 to 2012. 6 These US$ numbers are not directly informative for our purpose. For example, a US$ 100 million loss from disaster damages may be highly relevant in a small county, but not relevant at all in New York County (Manhattan). Hence, we scale these numbers by a measure of local economic activity, i.e., a county's yearly total personal income, measured in US$. Second, we need to identify to what extent individual banks operating in one or several counties are affected by disaster damages. We calculate dis i,t as the weighted average standardized disaster damages over all counties at year t, using the share of bank i's activities in each county j at year t as weights:
county j disaster damage j,t county j total personal income j,t × local bank activities i,j,t total bank activities i,t .
Ideally, we could measure banks' activities across counties based on the bank's total asset exposures, because the most direct effect of natural disasters on banks is presumably through damages of the borrowers' collateral values. This information is not available.
However, the Home Mortgage Disclosure Act (HMDA) database provides data on the geographic spread of banks' mortgage loans, which we use as a proxy for local bank activities. 
Empirical model and results
Model. To investigate whether natural disasters affect bank stability we estimate the following OLS regression model: Results. We start the discussion of regression results with short-term effects of disaster damages on bank stability and performance, as shown by the coefficients of dis i,t and dis i,t−1 . Subsequently, we comment on the medium-term effects of disaster damages
Results for the effect of disaster damages on banks' z-scores are shown in Column (1) of Table 3 . We find negative and significant effects of dis i,t and dis i,t−1 , which indicate that banks facing higher damages from natural disaster in their business region become less stable in the short term. This effect is also economically significant. If we consider a value of dis i,t equal to 0.14, which represents the average of the top 1 percent values of dis i,t over the period 1994 to 2012, this causes a decrease in a bank's standardized distance to default, (ROA − EQ)/SD(ROA), of about 8.8 percent one year later (0.14 × 0.6285). In Column (2) we find that disaster damages also cause significantly higher predicted probabilities of default in the short term. In particular, an increase of dis i,t by 0.14 causes an increase of PD by about 0.3 percentage points in the following year (0.14 × 0.0217), which is economically highly relevant compared to banks' average probability of default of 3.65 percent during the sample period. The effect is illustrated in Panel (b) of Figure 3 .
The short-term effect of disaster damages on non-performing assets ratios is significantly positive. An increase of dis i,t by 0.14 causes an increase of non-performing assets ratios by about 0.14 percentage points in the same year (0.14 × 0.0097), which is again economically relevant compared to banks' average non-performing assets ratios of 1.22
percent (see Panel (c) of Figure 3 ).
The adverse effects of natural disasters also materialize in the form of significantly higher foreclosure ratios. An increase of dis i,t by 0.14 causes an increase of about 0.02
percentage points one year later (0.14 × 0.0016), which is economically relevant compared 9 Remember that the bank z-score is defined as ln
to banks' average foreclosure ratios of 0.28 percent (see Panel (d) of Figure 3 ).
Further, we find a significant short-term decrease of return on assets (Col. 5) and decrease of bank equity (Col. 6), which are illustrated in Panels (e) and (f) of Figure 3, respectively.
- Table 3 and Figure 3 Next, we consider medium-term effects of disaster damages, as represented by the coefficients of dis i,t−2 to dis i,t−5 . We find that banks manage to recover after some years (some adverse effects already become insignificant after one year), if no other disasters occur in the meantime. In particular, bank stability and performance is not significantly different for banks affected by natural disasters and unaffected banks after two years.
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This evidence is consistent with alternative explanations. Banks in disaster areas may benefit from an economic recovery in affected areas, or they may make more conservative business decisions to provide for risks from future natural disasters. Which explanation is most relevant and what this means for the real economy are substantial questions that are, however, not the focus of this study.
Robustness. The first set of robustness regressions extends the OLS regression model in the paper (Eq. 1), but excludes the years of the global financial crisis (2008 and 2009) in order to exclude effects of the financial turmoil during these years. As shown in Table   4 , results remain qualitatively unchanged.
- Table 4 - 10 One potential concern about these results is that we observe only "surviving" banks and not all banks affected by natural disasters, because some affected banks fail or are acquired, and hence drop out of the sample. We therefore test in unreported regressions, using a linear probability model, whether dropping out of the sample is positively related to natural disasters in a bank's business region over a six year period. Regression results show that this is not the case. Specifically, we find that natural disasters in a bank's business region make it more likely that the bank stays in the sample.
Second, we recalculate the disaster measure dis i,t . In particular, we use the (timeinvariant) share of banks' mortgage lending activities in each county in 1989 as a proxy of banks' local bank activities for all years, instead of actual (time-varying) values. This excludes that changes in banks' local business activities over the sample period may affect the disaster measure. As shown in Table 5 , results again remain qualitatively unchanged.
- Table 5 -
Conclusion
Our analysis provides empirical evidence that natural disasters significantly weaken the stability of banks with business activities in affected regions. In particular, banks' z-scores decrease, probabilities of default increase, non-performing assets ratios and foreclosure ratios increase, and returns on assets and equity ratios decrease in the short term, i.e., up to two years after the disaster. These effects are economically significant. The results also show that negative effects fade out after two years if no further disasters occur.
The main message of the analysis is that natural disasters matter for bank stability.
Insurance payments and public aid programs obviously do not protect bank borrowers sufficiently against financial difficulties, which then result in higher non-performing assets ratios and lower bank stability in the short term. In view of a steady increase in climate related natural disasters over the last decades, this evidence points to risks for bank borrowers and the financial sector that may become even more relevant in the future.
The positive aspect of our evidence is that banks generally manage to digest the shock within some years. The graphs illustrate the development of our measures of bank stability and performance over the sample period 1994 to 2012. The horizontal solid lines in each graph represent the mean value of each variable. The difference between the solid and the dashed lines represents the economic effect from disaster damages in a bank's business region dis i,t equal to 0.14, which represents the average of the top 1 percent values of dis i,t over the period 1994 to 2012 (dotted lines around the dashed line represent the 90% confidence interval). In particular, the largest significant coefficient from dis i,t and dis i,t−1 is chosen to calculate the economic effect.
Appendix B: Tables   Table 1: Variable description   Variable name  Description  dis Yearly disaster damages: The yearly property disaster damages over total personal income in a bank's business region for each bank and year, using the banks' regional distribution of mortgage loans of each year as weights. Source: Own calculations based on SHELDUS, Bureau of Economic Analysis and HMDA data. EQ Equity ratio: The ratio of a bank's total equity to total assets. Source: FDIC (eqv/100).
FOR
Foreclosure ratio: The ratio of a bank's other real estate owned, which is not directly related to its business and consists largely of foreclosed property, to total assets. Source: FDIC (ore/asset). NPA Non-performing assets ratio: The ratio of a bank's loans past due 30-90+ days but still accruing interest and nonaccrual loans to total assets. Source: FDIC ((p3asset + p9asset + naasset)/asset).
PD
Predicted probabilities of default: The predicted value from a linear probability model explaining the occurrence of a bank failure in a particular year. Bank failures come from the FDIC's failed bank list (transaction types PA, PI, PO, PI). To account for public bailouts, we include "technical" bank failures if the sum of a bank's equity and reserves is lower than half of its non-performing assets (see Cole and White, 2010) . ROA Return on assets: A bank's net income as a percent of average total assets. Source: FDIC (roa/100). Z-score Z-score: The natural logarithm of the sum of a bank's equity ratio (EQ) and its return on assets (ROA), standardized by the standard deviation of return on assets using a rolling 8-quarter window (SD(ROA)). Source: Own calculations based on FDIC data. Table 1 for a description of all variables. Standard errors are clustered at the state level. ***, ** and * indicate significant coefficients at the 1%, 5%, and 10% levels, respectively. Model. We predict banks' probabilities of default (PD) using the following linear probability model:
The dependent variable F ail i,t is a binary variable. The variables ν i and τ t × γ f cover bank and year-region fixed effects to capture bank-invariant effects as well as developments over time in the twelve U.S. regulatory regions (Fed districts). Following the literature, we choose the first lag of all right-hand side variables to explain bank failures in a particular year (see Wheelock and Wilson, 2000; Cole and White, 2010) .
Results.
Results of the probability model are shown in Col.
(1) of Table C- Predicted probabilities of default (PD) are then used as a measure of bank stability for the regressions of the paper (see, e.g., Col. (2) of Table 3 and Panel (b) of Figure 3 ). − birthqtr) ). CIR Cost-to-income ratio: The ratio of banks' total cost to income. Source: FDIC (nonix/(nim + nonii)).
COI
Commercial and industrial loan ratio: The ratio of banks' commercial and industrial loans to total assets. Source: FDIC (lnci/asset). EQ Equity ratio: The ratio of total equity to total assets. Source: FDIC (eqv/100). FAIL Bank failure: Bank failures come from the FDIC's failed bank list (transaction types PA, PI, PO, PI). To account for public bailouts, we include "technical" bank failures if a bank's sum of equity and reserves is lower than half of its non-performing assets (see, Cole and White, 2010) . Source: FDIC (https://www.fdic.gov/bank/individual/failed/). FOR Foreclosure ratio: The ratio of a bank's other real estate owned, which is not directly related to its business and consists largely of foreclosed property, to total assets. Source: FDIC (ore/asset). IENC Income earned, not collected on loans: The ratio of banks' income not collected on loans to total assets. Source: FDIC (oaienc/asset). LIQ Liquidity: The ratio of difference between federal funds purchased and sold to total assets. Source: FDIC ((f repp − f repo)/asset). LOA Gross loan ratio: The ratio of banks' gross loans to total assets. Source: FDIC (lnlsgr/asset). NPA Non-performing assets ratio: The sum of loans past due 30-90+ days but still accruing interest and nonaccrual loans, scaled by total assets. Source: FDIC ((p9asset + p3asset + naasset)/asset).
RE
Real estate loan ratio: The ratio of banks' real estate loans to total assets. Source: FDIC (lnre/asset). ROA Return on assets: Net income as a percent of average total assets. Source: FDIC (roa/100). SIZE Bank size: The natural logarithm of banks' total assets. Source: FDIC (ln(asset)). UR Unemployment rate: The yearly unemployment rate for each U.S. county. Source: Bureau of Labor Statistics. Notes: The first column shows results of the linear probability model. The second and third columns show descriptive statistics for the respective variables. See Table C -1 for a detailed description of all variables. Standard errors are clustered at the bank level. ***, ** and * indicate significant coefficients at the 1%, 5%, and 10% levels, respectively.
